This paper investigates the relationship between personality traits in adolescence and education and labour market choices. In particular, we investigate the impact of locus of control, effort and diligence, and selfesteem on the risk of youths being unemployed (sometimes referred to as NEET ("Not in Education, Employment or Training"), assuming unconfoundedness. Thus, our focus is on early dropouts from both education and the labour market at age 18-20. We use matching methods to control for a rich set of adolescent and family characteristics by estimating the treatment effects, conditional on unconfoundedness, of multiple personality traits at the same time (Wooldridge, Econometric Analysis of Cross Section and Panel Data, 2010). Finally, we use the methodology proposed by Altonji ( J Polit Economy 113:151-184, 2005) that involves making hypotheses about the correlation between the unobservables and observables that determine the outcomes and the unobservables that influence personality. Our results show that individuals that display low effort and diligence, low self-esteem, and external locus of control are estimated to be more likely to drop out of education and employment. 
Introduction
The objective of this paper is to analyse the relationship between personality traits, education, and labour market choices. Our study specifically focuses on the role of personality traits in adolescence and early adulthood. In particular, we study the link between traits observed at age 15-16-such as effort and diligence, self-esteem, and locus of control-and the risk of dropping out from education and the labour market at 18-21 years of age. The analysis has policy relevance because several studies have shown that personality traits are stable during adult life Schurer 2012, 2013) but are relatively malleable over the early lifecycle, even up to the mid 20's, and can be affected by policy interventions aimed at suppressing harmful traits that affect later life (see Carneiro and Heckman 2003 , for a discussion).
The existing literature has analysed the impact of non-cognitive skills on education and labour market outcomes, but has focused on very different indicators, such as years of schooling, college graduation, test scores (Heckman et al. 2006; Coleman and Deleire 2003; Cebi 2007; Mendolia and Walker 2014a) , occupational attainment, and wages (Groves 2005; Nyhus and Pons 2005; Cobb-Clark and Tan 2011; Drago 2011; Fletcher 2013) . The analysis of the NEET condition is particularly relevant for the British population: in 2013 the proportion of young people in the UK who do not have upper secondary education and are neither employed nor in education or training (24%) has been larger than the OECD and EU average (15%) by about 10 percentage points (OECD 2014) . Figure 1 shows the numbers of young people who are classified as NEET in England from 2000 to 2014 by age range. There is clear seasonality associated with the school leaving cycle, but the numbers of 16-17 year olds who are NEET has been trending downwards. This reflects the rise in post compulsory participation in education driven, in part, by the increase in educational attainment in the high powered tests that take place at the end of grade 11 at age 16 in the UK known as the General Certificate in Secondary Education (GCSE). Attainment in these tests provides entry into the academic track provided by senior high school in grades 11 and 12. However, there has been only modest growth in attainment in the A-level tests, at age 18, that determines entry to university courses. A-level tests require greater depth of understanding compared to GCSEs, so attainment at this age is more likely to be affected by the non-cognitive skills associated with sustained effort in school. Since the 2008 crisis there has been a steady growth in the NEET rate of 18-25 year olds, reflected in Fig. 1 , that reinforced the demographic trends that were already driving the adult NEET rate upwards. (Van Reenen and Petrongolo 2010; Bell and Blanchflower 2010) .
Young people who spend time being NEET have poorer short and medium term economic outcomes than those who enter work or who remain in fulltime education (Crawford et al. 2010; Gregg 2001; Mroz and Savage 2006; Machin and Manning 1999) . Our analysis is particularly relevant to recent policy changes that have effectively raised the minimum education leaving age from 16 to 18. This aims to ensure that all young people in England continue in education, or in training leading to an accredited qualification, until the end of the academic year in which they turn 17 (from 2013), and to age 18 (from 2015) .
This study contributes to the existing literature on personality traits and labour market outcomes in three ways. First, we analyse the relationship between non-cognitive skills and the probability of youth unemployment associated with dropping out of education and employment (sometimes referred to as being NEET -Not in Education, Employment or Training). NEET numbers have been rising in most OECD countries in recent years. In 2011-2012, on average across OECD countries (OECD 2014) , 15% of individuals between the ages of 15 and 29 were neither employed nor in education or training. The NEET rate was, on average, over 15% in both the United States and Europe.
Secondly, the existing literature relies mostly on relatively dated data (for example, Heckman et al. 2006 and Cebi 2007 Coleman and Deleire 2003 uses NELS1988; and, in the UK, Carneiro et al. 2007 uses the NCDS1958 birth cohort) and does not have a specific focus on personality traits in adolescence (Chamorro-Premuzic and Furnham 2003; Delaney et al. 2013 ). Here we provide evidence from a recent dataset based on a large cohort of English teenagers born in 1990 who were followed for seven years, starting in 2004.
Finally, unlike existing work which considers only one personality trait, our analysis considers the link between multiple traits, as well as interaction between traits, and the risk of dropping out from education and employment by using treatment effects estimators with inverse-probability weighted regression-adjustment (IPWRA) (Wooldridge 2010; Cattaneo, 2010) .
Causal inference requires reliable estimation of the missing counterfactual, so we would like to compare treated and control groups, both in terms of of observables and unobservables, that are as similar as possible. Our data does not include any quasiexperimental variation that can be used to address selection on unobservables. But the dataset is rich and allows us to control for many variables that would be unobservable in other datasets. Arguably this richness allows us to tighten the bounds on the relationship between personality traits and NEET status (Dehejia and Wahba 2002) . However, a number of authors, including Heckman et al. (1998) , Rubin and Thomas (2000) , and Rubin (2001) , have shown that linear regression augmented by richer covariates can actually increase bias in the estimated treatment effect when the true relationship between the covariate and outcome is even moderately non-linear, especially when there are large differences in the means and variances of the covariates in the treated and control groups. Thus, richness alone is unlikely to reliably reduce selection bias in least squares estimation, but many authors have advocated matching methods based on rich data, which avoids the imposition of linearity, as a practical method to reduce selection bias (Dehejia and Wahba 2002; Goodman and Sianesi 2005; Dehejia, 2005) . Nonetheless, matching ultimately relies on observables alone, so, even in rich datasets, caution should be used when interpreting results as causal evidence. Here we use matching methods to investigate the relationship between personality traits and NEET, and we examine the robustness of our results using the methodology proposed by Altonji et al. (2005) .
Our results suggest important links between personality traits and youth unemployment, and this is substantiated by our robustness analyses. Statistically significant and economically meaningful relations remain even when we control for having achieved good results in GCSE at age 16, which is regarded as the gold standard of academic achievement at this age in the UK.
Overview of the existing literature
The relationship between personality traits and education and employment has received increased interest from economists in recent years. Research in personality psychology has focused on a widely used taxonomy of traits known as the Big Five (Openness to Experience, Conscientiousness, Extraversion, Agreeableness, and Neuroticism or Emotional Stability). Some of these studies in personality psychology research have demonstrated that personality traits, such as "conscientiousness" and "openess to experience", have a positive correlation with educational outcomes through various mechanisms such as better study behaviours, concentration, and effort. Aspects of emotional stability, such as self-esteem and locus of control, have also been shown to have significant correlation with labour market success. Almlund et al. (2011) provide an excellent review of the major findings from studies conducted in economics and psychology.
A growing body of economics literature has analysed the correlations between personality traits and educational attainment, with a particular focus on high school dropouts. The results generally suggest that traits such as conscientiousness and internal locus of control do affect educational outcomes, even if there is some evidence that the effect of personality traits is different across socio-economic groups (Lundberg 2013) . Coleman and Deleire (2003) show that teenagers with internal locus of control are more likely to make educational investments such as completing high school and attending a four-year college. On the other hand, Cebi (2007) replicates the Coleman and Deleire (2003) study using NLSY and suggest that locus of control is not a significant determinant of high school completion and college attendance, once cognitive ability is taken into account. Baron and Cobb-Clark (2010) use data on a recent cohort of Australian youths to show that people with internal locus of control are more likely to complete high school and go to university and that there is very limited evidence that young people growing up in economic disadvantage are more likely to have external locus of control.
A more limited literature in economics has looked at the impact of personality traits on unemployment experience. For example, Caliendo et al. (2015) show that people with greater internal locus of control will look for jobs more intensively and tend to have higher reservation wages. Similarly, a study by McGee and McGee (2011) shows that people with internal locus of control believe that search effort has a higher return. Macmillan (2013) uses the 1970 British Cohort Study and shows that non-cognitive skills play an important role in predicting future spells of unemployment. Heckman and Rubinstein (2001) study the performance of General Educational Development (GED) recipients and conclude that GED recipients' lower achievements in the labour market and their higher prevalence of criminal or risky behaviours can be attributed to a lack of the "ability to think ahead, persist in tasks and adapt to their environment" Rubinstein 2001, p. 146). Heckman, et al. (2006) use data from the US NLSY1979 and show that locus of control and self-esteem affect schooling decisions, wages, occupational choices, and health-risky behaviours. Heckman and Masterov (2007) and Heckman et al. (2010) analyse the effect of the Perry Preschool programme and emphasise the importance of investing in promoting positive non-cognitive skills from a very early age.
A separate strand of literature in psychology has analysed the role of "grit", which is defined as perseverance with respect to long-term goals, in predicting a variety of success outcomes including educational attainment. This work shows that the continuous and focused application of talent over time is crucial for the achievement of difficult goals Eskreis-Winkler et al. 2014) . Similarly, Moffit et al. (2011) use the Dunedin Multidisciplinary Health and Development Study to show that childhood selfcontrol predicts health status, substance use, and criminal behaviour.
In our own analysis we try to establish a connection between several personality traits and the risk of dropping out from education and employment (becoming NEET) for English teenagers. Previous work by Walker (2014a, 2014b) has used a similar methodology (propensity score matching) to investigate the relationship between personality traits and health-risky behaviours and between personality and test scores and subject choice in high school. This study complements and extends the previous work by looking at a different outcome (NEET status) which has a strong relevance for the English population and has important long-lasting consequences for the future lives of adolescents. Here, we also use an additional technique for treatment effect estimation known as inverse probability weighted regression adjustment, IPWRA. This method has been used in several other applications and has the advantage over conventional propensity score methods in that multiple and multi-valued treatments are allowed. This allows us to estimate the relationship between multiple personality traits and NEET status.
The economics literature on the causes of NEET status is very limited, despite a great deal of policy attention and investments to address this phenomenon. Cornaglia et al. (2015) show that poor mental health increases the probability of being NEET by around 3 p.p after controlling for exam performance at age 16. Carneiro et al. (2007) use data from the NCDS to show that social skills have an important role in determining school attainment and labour market outcomes more generally. Britton et al. (2011) discuss different definitions of youth unemployment and NEET and identify a group of characteristics measured at age 14 that may be used to predict the risk of becoming NEET, such as low test scores and poor socio-economic background. High school results appear to be stronger predictors of NEET status than socio-economic status (see also Crawford et al., 2010) . However, none of these studies have looked at the importance of personality traits in predicting (and avoiding) NEET status.
Data
This study uses data from the Longitudinal Study of Young People in England (LSYPE). The data is managed by the UK Department of Education and covers a wide range of topics, including academic achievements, family relationships, attitudes toward school, family and labour market, and some more sensitive or challenging issues, such as risky health behaviours, personal relationships, etc. Young people included in LSYPE were selected to be representative of all young people in England, but at the same time the survey oversampled specific groups (and in particular, young people from a low socioeconomic background). The survey started when these adolescents were in year 9 of school in 2004, at the age of 14, and the records of LSYPE children can be linked to the National Pupil Database (NPD), a pupil-level administrative database of all English pupils including detailed information on pupil test scores and achievements as well as school characteristics. We use this data to collect information about LSYPE children's results in test scores at age 16, which is the minimum school leaving age for this cohort. This occurs at the end of a stage of the national curriculum known as Key Stage 4 and which culminates in national tests known as the General Certificate of Secondary Education (or GCSEs).
In the second wave of LSYPE (the first wave where information on personality was collected) around 13,500 young people were interviewed. In the first four waves, parents/guardians were also interviewed. Our final sample includes around 9200 observations of children interviewed in wave 2 with non-missing information on NEET status between wave 4 and 7, personality traits, test scores, and other essential information on the child's birth and family background (the selected observations were not significantly different from the original data in terms of their observable characteristics). The main differences between our sample and the original one were due to individuals with missing observation in their NEET status (because of attrition between wave 2 and the following waves or missing responses to economic activity questions) or in their personality traits (missing responses to one or more questions related to locus of control, effort, and self-esteem).
a. Outcomes
We investigate the link between personality traits and the chances of dropping out of education but not being employed (i.e., being NEET). In particular, at each wave, the youths in LSYPE are asked to report their main activity. We use this information collected at wave 4, 5, 6, and 7 (age 17-18 to 20-21) and follow the definition of NEET reported in the LSYPE documentation (Department for Education 2011). In particular, a young person is defined as NEET if they are: unemployed (and looking for work), looking after the family, or having a break from study and work (excluding people who are waiting for exam results, have applied for a university course, are waiting to participate in government training programmes, or are travelling). We consider three different NEET outcomes: having been NEET at least once in the 4 waves, having been NEET for two or more years ("core NEET", Britton et al. 2011) , and the number of years spent being NEET. b. Personality traits Factor analysis has been widely utilised in personality psychology to analyse personality traits and to identify common factors derived from a variety of questions (Cobb-Clark et al. 2014; Piatek and Pinger 2010; and Almlund et al. 2011 ). LSYPE does not explicitly include information about the "Big Five" personality traits, but it does include a series of questions on effort and diligence, attitudes towards school, long term goals and interests, locus of control, and self-esteem. Almlund et al. (2011) suggest that self-discipline, competence, and dutifulness are facets of conscientiousness. LSYPE includes four questions on working attitudes (in particular with respect to school work) asked at wave 2 and three questions on perseverance and long term objectives asked at wave 7 (see the Appendix for details). The combination of these questions allows us to construct a measure of personality that includes effort and hard-working attitude and at the same time an indication of the ability to pursue long term objectives and planning for the future-which are likely to be important contributions to "grittiness". The combination of these traits is likely to play a key role in the choices that individuals make with respect to education and labour force status after compulsory education. We follow Duckworth et al. (2007) and combine answers to these question and derive a scale of "effort and diligence", where the maximum score is 4 (very high effort and diligence) and the lowest score is 1 (very low effort and diligence). We also construct a binary indicator and define an individual as having "high effort and diligence" if her/his score is in the top quartile of this effort index. A natural concern is that the three questions on future objectives are only asked at wave 7 (age 20-21) and therefore present a higher risk of reverse causality with respect to the NEET status. For this reason, we run a sensitivity test only using the four questions on effort and work ethics asked at wave 2 and discuss the results in Section 5. The main pattern of results is unchanged, and therefore our preferred specification includes all seven questions, under the assumption that individuals' answers would have been similar if all the questions were asked at age 15-16. Locus of control refers to the extent to which individuals believe that they can affect and control events happening in their own life (Rotter 1966) . People with external locus of control believe that their own actions and behaviours do not have an effect on future life outcomes, while individuals with internal locus of control generally believe that life events are mostly caused by their own decisions and behaviours. We measure locus of control using children's responses to six questions (see the Appendix for details). We follow the previous literature in the field (Cobb-Clark et al. 2014; Piatek and Pinger 2010) and use factor analysis to create indices of internal and external locus of control. Children are classified as external if they have a score in the top quartile of the distribution of the external index (Schurer 2014) . We also examine the robustness of this definition by classifying children as external if they have a score in the top third or half of the distribution of the external index (Caliendo et al. 2015) . Self-esteem refers to an individual emotional evaluation of her/his own value. LSYPE includes two questions on self-esteem (see Appendix for details) asked at waves 2 and 4. The measure of self-esteem has been calculated following the literature on the topic (see for example Ermisch et al. 2001 ) and uses all the information available in LSYPE to capture youths' perception of their own value. LSYPE includes a separate measure of mental health different from this self-esteem indicator, which is the General Health Questionnaire (GHQ).
We construct an indicator of low self-esteem equal to 1 if they have placed themselves in the most distressed category for one of the two questions at least once between the two waves (around 27% of the children in the sample).
c. Other explanatory variables
We estimate three versions of our model, progressively increasing the set of independent variables. All of the variables we control for are, arguably, pre-determined variables-that is, not themselves influenced by personality traits. Our first, most parsimonious model only includes at-birth characteristics such as: birth-weight, whether the child was premature, ethnic background, sex of the child, and family characteristics such as marital status and age of the mother at birth. In the second model we include other family's characteristics (measured at wave 1) such as: child's or parent's disability, maternal education and employment status, single parent family, grandparents' education, family income, and older siblings.
In the last version of the model, we also control for test scores at age 16. At the end of Key Stage 4 (from 13 to 16 years old), pupils take the national public examinations known as GCSE in most subjects studied-sometimes in as many as 10 subjects. 2 GCSE grades range from A* to G. Our independent variable is a binary variable indicating having 5 GCSE passes (A* to C) including Mathematics and English, which is usually required for students following an academic track for progression beyond age 16. Table 1 presents the proportion of young people who are NEET, by age, in LSYPE. As expected, the NEET rate increases with age and peaks at age 20. Table 2 presents descriptive statistics on the outcome variables, broken down by personality traits. Individuals who have external locus of control or low self-esteem seem much more likely to end up being NEET (and being in this condition for a longer period of time), while effort and diligence seem to have a protective role. All these differences are statistically significant. Table 3 presents descriptive statistics of other independent variables. Not surprisingly, individuals who are NEET are more likely to come from families with low income and low levels of education.
Estimation
Our basic specification is first estimated using Ordinary Least Squares to control for observable confounders. The linear model can be written as:
where Y i represents NEET outcome (chances of being NEET at least once between wave 4 and wave 7, having been NEET for at least two years, number of years in NEET condition), P i ' is a vector of psychological traits (binary indicators of high effort and diligence, external locus of control, low self-esteem), X i ' is a vector of child's and family's characteristics, and ε i is an idiosyncratic shock. OLS estimates of β will be unbiased if the error term is independent of P i . However, this method is well known to lead to biased estimates of the causal effects because of neglected heterogeneity. Estimation by OLS will be biased if we fail to control for all variables that actually play an important role in determining NEET status (so-called omitted variable bias) or if personality traits are determined with or as a result of previous NEET status, for example, if personality traits and NEET status are jointly determined through the same unobserved process (Cobb-Clark and Schurer 2012).
Since our data does not contain any quasi-experimental variation that might allow us to address the selection on unobservables problem, we rely on observational methods only. We first try to tighten the upper bound provided by the OLS estimation through the estimation of three different specifications of our model, gradually including a more detailed set of independent variables. We are cautious about this method because previous research has shown that the results may become more biased. Moreover, standard OLS regressions may be biased if the true model is not linear in terms of the observed variables and if the relation between personality traits on NEET outcomes is not homogeneous (i.e., the same for all individuals). Both these biases are aggravated if some children fall outside the socalled common support of the observables-that is, if we cannot find in our sample some children with a particular personality trait that are comparable to other children in the As with OLS, PSM relies on conditional independence (or the selection on observables assumption) that requires no selection on unobservables conditional on the observables. The intuition behind this assumption is that, if we have enough information on the observable differences between youths with and without a particular personality trait (the treatment), we can then adjust the raw comparison of those pre-treatment Mother has university degree 16% 6% 5%
Mother has other higher education 15% 10% 6%
Mother senior high school graduate 16% 11% 9%
Mother junior high school graduate 30% 32% 29%
Mother has a lower qualification 8% 13% 18%
Mother has other qualification 3% 5% 5%
Mother has no qualifications 12% 23% 28%
Single mother household at birth 17% 32% 33%
Mother ≤20 years old at birth 5% 10% 13% Male 52% 56% 55% Black 5% 4% 4% Asian 9% 6% 6% Mixed 6% 6% 5%
Mother unemployed at wave 1 1% 2% 4%
Mother out of labour force at wave 1 20% 34% 42%
differences and obtain unbiased estimates of the relation between personality traits and NEET status. In practice, we assume that personality traits are effectively randomly assigned conditional on a sufficiently large set of observable covariates (Wooldridge 2010) . These results are therefore conditional on this strong assumption and should be interpreted accordingly. The credibility of the selection on observables assumption in our context is related to the possibility of capturing all factors that determine NEET status and personality traits. LSYPE provides a very rich source of information, and we make extensive use of it, controlling for a series of factors related to the individual, the family, and the socio-economic environment (see p. 10 for the detailed descriptions of the variables). Although this set of variables is broad, it is possible that we fail to control for all factors that affect the chances of becoming NEET in early adulthood. Propensity Score Matching attaches weights to the observations in the control group so that the distribution of their observable characteristics is realigned to the treatment group. Moreover, there is some evidence that suggests that it contributes to a reduction in selection bias (see Dehejia and Wahba 2002; Dehejia 2005; Smith and Todd 2004) , and PSM has been used in recent papers investigating the determinants of child wellbeing (Ruhm 2008; Berger et al. 2005; Goodman and Sianesi 2005) and the effect of personality traits (Caliendo et al. 2015; Walker 2014a, 2014b) . The idea of PSM is to match children with different personality traits (for example, with and without a high level of effort) who are as comparable as possible in all other observable characteristics. More specifically, we first estimate the conditional probability of having a specific personality trait, such as having high levels of effort and diligence, for each child, given our covariates. Then, each treated child is matched with a comparison child (i.e., without the specific personality trait) with the closest propensity score. In other words, estimated propensity scores are used to create a matched control group. Nonmatched individuals are dropped from the analysis. Our analysis is performed using the STATA routine psmatch2 and appropriate tests have been run in order to compare covariate distributions across our matched groups to ensure that adequate balance has been obtained (Appendix: Table 9 ).
3 Furthermore, we estimate the role of multiple personality traits using the STATA teffects ipwra routine and explore two different specifications of the treatments. In the first specification, we consider the different quartiles of the same personality trait (effort and external locus of control) as separate treatments, and therefore we compare youths who are, for example, in the bottom quartile of the effort scale with similar youths who are in higher quartiles of the distribution of the same index. In the second specification, we focus on youths who show "negative personality traits", i.e., low effort, low self-esteem, and external locus of control, and we consider different personality traits (individually and combined in groups of two or three traits) as multiple treatments. We also consider each personality trait and interactions between them as separate treatments in this multiple treatment framework.
In this framework, we are interested in estimating the difference in the outcome with and without treatment, Y 1 -Y 0 , i.e., the difference in NEET status caused by an individual having one personality trait. As explained in Rosenbaum and Rubin (1983) and Wooldridge (2010) , this parameter of interest is the average treatment effect (ATE) defined as E (Y 1 -Y 0 ). This is the expected impact of a particular personality trait on a randomly selected person from the population. The difficulty in estimating ATE is that we observe only Y 0 or Y 1 (being or not being NEET) for each person. Further, randomisation of personality traits is impossible, and the conditional independence assumption is needed to estimate average treatment effects generally. In other words, the problem that the treatment is not randomised could be overcome by assuming that conditioning on observable covariates makes the outcome conditionally independent of the treatment. Conditional independence allows us to use differences in model-adjusted averages to estimate the ATE.
We use the IPWRA estimator that uses weighted regression coefficients to calculate averages of predicted NEET outcomes for each personality trait, where the weights are the estimated inverse probabilities of having each personality trait. In the first step, the probability of treatment is estimated, and in the second step regression methods are used, with weights provided by the inverse of the probability of treatment (Wooldridge 2010) . The weights do not bias the RA (regression-adjustment) estimator if the treatment model is wrongly specified, providing the outcome model is correct. Similarly, the weights correct the RA estimator if the treatment model is correct but the outcome model is wrongly specified. In other words, IPWRA estimators have the so-called double-robustness property (Wooldridge 2007 (Wooldridge , 2010 , so only one of the two equations in the model must be correctly specified to consistently estimate the parameters of interest. The treatment model aims to capture the role of multiple treatments and is therefore estimated using a multinomial logit specification that allows us to analyse different personality traits individually, as well as in combinations of two or three traits. The main advantage of the IPWRA estimator over propensity score matching is that it allows the analysis of multiple treatments at the same time by specifying a multinomial logit model for the treatment and combining regression adjustment and probability weighting to achieve robustness to misspecifications of the parametric models.
Lastly, we examine the robustness of our results using the methodology proposed by Altonji et al. (2005) (AET) that uses the selection on observable traits to provide information about the potential for selection on unobservable characteristics. The AET method requires that there is just one endogenous trait. Thus, we consider trait P k where k indicates external locus of control, high effort, and low self-esteem one at a time. We compare these estimates with conventional propensity score estimate of the same traits, also included sequentially. We follow the methodology proposed in Altonji et al. (2005) and firstly estimate the following bivariate probit model with a constrained correlation coefficient ρ, imposing different levels of correlations between the unobserved determinants of personality and the vector of outcomes, Y, containing ever NEET and core NEET, in order to verify whether the main estimates are sensitive to these changes:
The second part of the AET method consists of using the degree of selection on observable characteristics to set a bound for the degree of selection on unobservables. According to this approach, the part of an outcome (being core NEET or ever NEET) that is related to the observables has the same relationship with personality traits as the part related to the unobservables (see Altonji et al. 2005 for the details and Chatterji et al. 2011 and Johnston et al. 2013 for applications of the methodology). Specifically, we use the degree of selection on the observables as a guide to identify the parameter ρ. As noted in Altonji et al. (2005) , the idea that "selection on the observables is the same as the selection on unobservables" formally implies that:
This condition only holds under the following assumptions: the elements of X are chosen randomly from the full set of variables that determine Y; and the number of observed and unobserved factors is large enough so that no element dominates the distribution of the outcome. These assumptions are very strong but, as argued in Altonji et al. (2005) , weaker than the standard OLS assumption that Cov(X,ε) = 0. Following Altonji et al. (2005) , we present estimates that maximise the likelihood imposing ρ ¼
ð Þ which is equivalent to condition 5. In practice, the estimates obtained under this set of assumptions could be treated as a lower bound of the true relationship since we might expect that the relationship between the unobservables and any potentially endogenous personality trait will be weaker than the relationship between the observables and the treatment. For example, as noted in Altonji et al. (2005) , the set of covariates X available in the dataset have probably been selected with the intention of reducing bias rather than having been selected at random.
Nevertheless, we acknowledge that all these estimation methods do not address selection on unobservable characteristics but, rather, they allow us to control for a wide variety of observable traits. Therefore, as in all non-experimental studies, caution must be used when interpreting our main results as causal evidence of the impact of personality on NEET.
Results
The results from the least squares estimation of the relationship between personality traits and chances of dropping out of education and employment are presented in Tables 4, 5 , 6, and 7. As already explained, we present results from different specifications of our model, progressively increasing the set of independent variables. As noted in Section 4, all our results rely on conditional independence and therefore should be interpreted with this assumption in mind. Our estimation strategies control for selection on observables, but unfortunately there is no way to fully address the risk of selection on unobservables in our data.
Model 3 includes the same variables of Model 2 but also includes a binary variable indicating whether the youths have achieved 5 or more GCSEs with a grade between A* and C. Results from this specification are therefore conditioned on GCSE achievements. We believe it is important to show the stability of our main findings from Model 2 when controlling for GCSE achievements because the previous literature has shown that high school attainments are among the main determinants of NEET status. Figures 2 and 3 show the distribution of propensity scores across treatment and control groups. Both graphs show that there is sufficient overlap between the treatment and control groups. Table 4 presents results from OLS models, where all three personality traits are included in the estimation at the same time. Personality traits play a relevant role on the chances of being NEET and remaining in this condition for a relatively long period of time. In particular, low self-esteem seems to be very detrimental. Note that the mean of having ever been NEET is 15%, while the proportion in the data who have been NEET for two or more years is 4.7%. The results from the estimation using Propensity Score Matching are presented in Table 5 and confirm our OLS findings. Effort and diligence seem to decrease the chances of being NEET by 10 p.p., and almost 7 p.p when we control for GCSE results in Model 3.
Our OLS and PSM results are similar, as shown in Tables 4 and 5 . As noticed in Goodman and Sianesi (2005) the distinction between OLS and PSM can be quite a fine one, and it is possible that using a large data-set, as with LSYPE, we have partially overcome the issue of common support. Further, controlling for a wide set of covariates in our OLS model, we might have already reduced the extent of bias in the OLS estimates. Nevertheless, the fact that PSM generally confirms the pattern of OLS findings increases our confidence in the main results. Our results on effort and diligence have been examined for robustness by estimating the model only using the four questions on hard working attitude asked at wave 2 and using factor analysis to combine them in an indicator of high work ethics. The results are shown in Appendix: Table 10 and show that individuals with high work ethics (measured only at wave 2) are around 6 p.p less likely to be NEET (4 p.p in the model including GCSE), and results are highly significant. Thus, these findings support our reported results above, which include wave 7 responses as well as wave 2.
Youths with external locus of control and low self-esteem face higher risks of being NEET and remaining in this condition for a long period of time. Low self-esteem is particularly negative, as the size of the relation is very stable (a 9 p.p rise in the chance of being NEET and a 2 p.p. rise in chance of being core NEET) even when we control for GCSE attainment. The results from the balancing tests for the PSM model are available in Appendix: Table 9 . One possible explanation for the negative link between low self-esteem and NEET status is that youths with this trait tend to have a generally negative opinion of themselves and their value. Low self-esteem may have an impact on aspirations and attempts to achieve potential, and this may in turn affect the ability to make decisions about the future and choices about education and labour market participation.
Similarly, individuals with external locus of control tend to think that their choices have less impact on their future, which they believe are mostly driven by luck and external circumstances. As a consequence, these youths are less likely to make constructive decisions about their future and to put substantial effort into achieving their goals.
Lastly, individuals with high levels of effort and diligence are more likely to have higher levels of perseverance towards long term goals and be able to maintain focus on . Fig. 3 Kernel graphs of propensity score for treated and control group long-term challenges. As already shown by the literature in psychology (see for example Duckworth et al. 2007 ), perseverance of effort could be even more important than talent to achieve ambitious career goals, and our results confirm the consistent positive relation with reducing the chance of dropping out of education and labour market. These results are confirmed when we split the sample by gender. Interestingly, effort is positive for both girls and boys, while low self-esteem seems more harmful for boys (results are available in Appendix: Table 11) . Tables 6 and 7 show results from the estimation analysing personality traits as multiple treatments. The estimation of treatment effects is performed by using an inverse-probability weighted regression-adjustment (IPWRA) estimator and multinomial logit techniques to specify the treatment model. In Table 6 , we compare youths who are in the bottom quartile of the effort scale (have very low effort) with youths who have higher levels of effort and youths who are in the bottom quartile of external locus of control with those in higher quartiles of the same index. Results confirm previous findings: young people who show very high levels of effort (top quartile) appear less likely to be NEET, while the risk increases steadily for those with low effort and external locus of control (top quartile of the external index).
In Table 7 , we focus on youths with low effort, low self-esteem, and external locus of control, and we analyse the combinations of the three personality traits at the same time in a multinomial logit framework. We define an individual as having "low effort and diligence" if her/his score is in the lowest quartile of the effort scale as described in Section 3.2, and low self-esteem is defined, in two questions, as someone who either feels not useful or worthless. For this analysis, we construct a variable called 'personality' that assumes different values depending on the eight possible combinations of the three personality traits:
a. the young person does not show low self-esteem, not low effort and not external locus of control (omitted category); b. the young person shows low effort and diligence but does not have low self-esteem or external locus of control; c. the young person shows external locus of control but not low self-esteem and not low effort; d. the young person shows low self-esteem, but is diligent and does not have external locus of control; e. the young person shows low effort and external locus of control but not low self-esteem; f. the young person shows low effort and low self-esteem, but not external locus of control; g. the young person shows low self-esteem and external locus of control but not low effort; h. the young person shows all three negative traits-low self-esteem, low effort, and external locus of control.
The results confirm previous OLS and PSM findings. Low effort and diligence together with low self-esteem are particularly detrimental and increase the likelihood of being NEET and remaining in this condition for a long time. The combination of these two particular traits and of all three 'negative' traits seems particularly detrimental, and young people who show these characteristics experience a significantly increased likelihood of being NEET. These findings remain when we include achievements in GCSE exams as a control variable in Model 3.
As already explained, these results depend on the validity of the assumptions behind the estimation methods that have been used, especially the conditional independence assumption. Unfortunately, our data does not allow us to exploit any quasiexperimental variation in personality traits, and given the strength of the underlying assumptions, the results should be interpreted cautiously.
Lastly, in Table 8 we present results from the empirical strategy proposed by Altonji et al. (2005) , as applied by Chatterji et al. (2011) , which does not rely on untestable identifying assumptions. Each estimate in Table 8 is from a bivariate probit of one of each of two dependent variables, and for each of three traits as explanatory variables. The columns impose different degrees of correlation between the unobservable and the respective trait. The first part of the AET method consists in varying the level of correlation between unobservables determining personality traits and NEET outcomes and determining whether the relation with personality is sensitive to these variations. The true level of correlation between the errors is unknown. However, we follow Johnston et al. (2013) , and we use the correlations between the outcomes and each specific personality traits in a linear model without other covariates (reported in the first column of Table 8 ) as a guide to varying ρ. For example, it is reasonable to assume that unobserved factors will affect effort and NEET outcomes in opposite directions. The coefficient of high effort in a linear model where we regress the probability of being NEET on it, with no other covariates, is equal to -0.11 and therefore we vary ρ between 0 and -0.15.
The results presented in Table 8 generally confirm the main previous findings. Effort and diligence seem to decrease the chances of being NEET for at least two years even when increasingly negative levels of correlations are imposed, especially in Model 2. The last column of Table 8 shows results for the second part of the AET method where a bivariate probit model is estimated under the stringent assumption that selection on observables is equal to selection on unobservables. The positive relation between effort and chances of being NEET for at least two years persist when selection on observables is set equal to selection on unobservables.
Similarly, results from the AET test confirm that youths with low self-esteem face increased chances of being NEET and remaining in this condition for at least two years. The results are sensitive to increasing the level of positive correlation between the error terms, but the coefficient of low self-esteem remains positive and significant when selection on observable is set equal to selection on unobservables. Lastly, we vary the level of positive correlation between the error terms in the model estimating the link between external locus of control and NEET status. The results are sensitive to the imposed increasing level of correlation, especially in Model 3 (where we also control for previous GCSE attainments). When selection on observables is set equal to selection on unobservables, the coefficient of external locus of control seems particularly sensitive to high levels of positive correlation (ρ = 0.55) and changes sign. In general, the results from the AET method confirm our original findings of significant correlation with personality traits (and in particular high effort and self-esteem) on decisions to drop out of education and from the labour market. Note: Standard errors are in parentheses. Marginal effects in brackets. *indicates that the underlying coefficient is significant at 10% level, ** at 5% and ***at 1%. Additional variables included in the analysis are listed at p. 9. Results from an OLS regression of NEET outcomes on personality traits with no additional covariates are reported in the first column in italic
As shown in Appendix: Table 12 , the estimated coefficients of personality traits are higher than those of other important variables, such as maternal education and employment status or growing up in a single parent household. The results from Appendix: Table 12 are consistent with our expectations and with the previous literature on NEET. The most important determinant of NEET status is GCSE attainment. Generally, youths from high income and high education families are less likely to be NEET. Boys face higher risks than girls and so do children who come from single parent households or whose mothers are unemployed or out of the labour force. Ethnic minorities seem less likely to become NEET.
Conclusion and discussion
This study has analysed the relationship between high effort, low self-esteem, and external locus of control and the risk of dropping out from education and labour market for English youths. We used the Longitudinal Study of Young People in England, which is a rich source of information on English teenagers and can be linked to the National Pupil Database in order to get detailed information on school outcomes from administrative sources. We find that personality traits have a relevant link with the probability of being out of education or employment between the ages of 18 and 21. The size of the relation is notable and is higher than other important variables, such as maternal education or employment status or growing up in a single parent household. As in all non-experimental studies, the results should be interpreted as associations rather than definitive evidence of causal effects, given the impossibility of fully addressing selection on unobservables.
Our analysis is performed using Ordinary Least Squares, Propensity Score Matching, IPWRA, and the methodology proposed by Altonji et al. (2005) , which relies on using the selection on observable traits to provide information about the selection on unobservable characteristics. We use the extensive information available in LSYPE and expand our set of independent variables in an attempt to control for a wide set of factors affecting both NEET outcomes and personality traits. Our results are stable over the three different specifications of our model. Further, PSM and treatment effects estimations allow us to compare a group of children who did not have specific personality traits with youths with similar observable characteristics who have those characteristics.
The paper provides further evidence of the positive association between high effort and diligence and long term life outcomes and on the negative relation of low selfesteem and external locus of control. In particular, we show that high effort significantly decreases the chances of dropping out of education or the labour market, while youths with low self-esteem and external locus of control are more likely to experience these conditions.
The main limitation of this study is that all the estimation techniques that we have used allow us to control for a wide variety of observable variables, but nonetheless we are not able to exploit any exogenous variation in personality that could be used to address selection on unobservables. However, LSYPE is a very rich dataset, and we make extensive use of the information available in it, therefore trying to minimise this risk. Our control variables include an extensive set of individual and family characteristics, including several factors that could potentially affect personality traits, such as early life circumstances, family socio-economic status, and education achievements.
Psychologists have devoted a significant amount of work to understanding the development of personality traits during childhood and adolescence (see for example Carton and Nowicki 1994 or Kulas 1996) . However, it is still unclear whether personality traits respond to socio-economic changes in individuals' lives or that the opposite is true (Cobb-Clark and Schurer 2013 ). An important direction for future work in this area would be to analyse the development of personality traits, with particular attention to life events, early circumstances, and potential unobserved characteristics. Furthermore, self-reports are widely used to assess individual personality traits, and this presents some methodological challenges, such as the so-called Reference Group Effect-the tendency of individuals to self-report psychological issues not in absolute levels, but rather relative to a significant comparison group (Crede et al. 2010; Heine et al. 2008) .
A variety of interventions have been suggested that exploit the early malleability of personality to improve long term outcomes. The World Bank has recently promoted the STEP Skills Measurement Program in collaboration with Angela Duckworth and other researchers in the field of psychology with the objective of improving ways to measure and analyse the importance of socio-emotional skills among youth and adults. Recent research in the area has confirmed the positive effect of interventions aimed at teaching school children the importance of effort, perseverance, and motivation to increase school results, especially for disadvantaged children (Duckworth et al. 2013) .
A UK example of a personality-targeted intervention is SEAL (Social and Emotional Aspects of Learning), a voluntary programme designed to develop the social and emotional skills of all school pupils in the areas of self-awareness, managing feelings, empathy, motivation and social skills. SEAL is currently being implemented in around 90% of primary schools and 70% of secondary schools (Hallam et al. 2006) . Very recently, following a review of the literature (Gutman and Schoon 2013) , the Department of Education has embraced the idea that such non-cognitive skills might have important effects. For example, the Department has recently run a competition whereby schools outline their own experiences with ad hoc initiatives.
We believe that our analysis shows some potential benefits of programmes focused on suppressing harmful traits (such as low self-esteem or external locus of control) and promoting positive attitudes, such as perseverance towards long term goals, determination, and motivation. Our results suggest that there is a potential for policies that exploit the association between positive non-cognitive traits and achievements in early adulthood-outcomes that are important determinants of long run living standards.
Endnotes
1 Alternative/more restrictive indicators of low self-esteem were constructed to test the robustness of our estimates, and results were very similar to the ones presented.
2 Results are unchanged if we drop the youths taking less than 5 GCSEs (the weakest students) from our sample. 3 Our approach is similar to Goodman and Sianesi (2005) and we use propensity score matching with the nearest neighbour method with replacement (as it has been shown to reduce bias relative to matching without replacement, see Dehejia and Wahba, 2002) and then used the common option so that off-support observations are automatically dropped. Similar results were obtained with other matching methods. Note: Standard errors are in brackets. *indicates that the underlying coefficient is significant at 10% level, ** at 5% and ***at 1%
